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Abstract. N7-Methylguanosine (m7G) modification is impor-
tant in post-transcriptional regulation. dysregulation of m7G
RNA modification has been reported to be markedly associ-
ated with cancer. However, its importance in bladder urothelial
carcinoma (BLCA) remains poorly characterized. The present
study systematically analyzed mRNA gene expression data
and clinical information from The Cancer Genome Atlas and
further constructed robust risk signatures for the four regu-
lators of m7G RNA modification (nudix hydrolase 11, gem
nuclear organelle-associated protein 5, eukaryotic translation
initiation factor 3 subunit D and cytoplasmic FMRI inter-
acting protein 1). The differential expression and cell function
of m7G-related genes in bladder cancer cells were verified by
reverse transcription-quantitative PCR, Cell Counting Kit-8
and colony formation assays. The four-gene-based model could
accurately predict the prognosis of BLCA. Nomogram-based
clinical decisions had a higher net benefit compared with
that of individual predictors. Through immune infiltration
analysis, it was found that immune cell infiltration affected the
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prognosis of patients with BLCA. Finally, the present study
identified potential therapeutics that differ between high and
low-risk groups based on four genes. In summary, the current
findings revealed an essential role for m7G RNA modification
regulators in BLCA, and developed risk signatures as
promising prognostic markers in patients with BLCA.

Introduction

Bladder urothelial carcinoma (BLCA) is a malignant tumor of
the bladder urothelium accounting for ~500,000 new cases and
200,000 mortalities worldwide each year (1). Approximately
70% of patients with BLCA have non-muscle-invasive bladder
cancer (NMIBC), and usually undergo transurethral resection
of the bladder tumor and subsequent radiotherapy, chemo-
therapy, or immunotherapy. However, ~80% of patients suffer
NMIBC recurrence within 5 years of diagnosis, with tumor
progression occurring in 30% of cases (2). For these patients,
a combination of surgery, radiotherapy, chemotherapy, and
immunotherapy can be used (3). However, these treatments
increase the surgical risk and treatment-related toxicity, and
patients with aggressive or advanced BLCA still face adverse
clinical outcomes. A remaining challenge is designing
approaches to filter patients who may benefit from aggressive
treatment. Therefore, novel biomarkers that can be used to
predict prognosis and treatment response are urgently needed.

Bioinformatics has become an integral tool in biomedical
research and treatment development in the past decade, and
it plays a vital role in deciphering genomes, transcriptomes,
and proteomes generated via high-throughput experimental
techniques or from tissues collected in traditional biological
studies (4). For example, sequence-based methods used to
analyze multiple genes or proteins have been explored (5).
The primary purpose of bioinformatics analysis is to mine
the association between features according to the feature
information based on multidimensional data. Based on public
databases, potential associations among clinical patient
parameters are analyzed, and this can be used to the reveal
risk factors of a disease, further develop survival prediction
models for a disease, and develop precise diagnoses and
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treatment recommendations for patients (6). Through bioin-
formatics analysis, previous studies have identified molecules
and phenotypes associated with the diagnosis, treatment,
and prognosis of BLCA, such as pyroptosis (7), immune
cell infiltration (8-10), hypoxia (11), and inflammation (12).
However, several other biological features of BLCA remain to
be identified.

The recent progress made in the understanding of epitran-
scriptomics has led to the identification of numerous types of
post-transcriptional modifications of eukaryotic RNA, such as
5-methylcytosine, N6-methyladenosine, and N7-methylguanine
(m7G) (13). Methylated m7G RNA is one of the most conserved
modified nucleosides, and is commonly detected in eubacteria,
eukaryotes, (14) and archaea (15). m7G modification, which
adds a methyl group to the seventh N of guanine (G) in RNA
via a methyltransferase, is an important form of base modifi-
cation involved in post-transcriptional regulation. Recently,
m7G-related genes have attracted widespread attention in
oncology; for example, a previous study has shown that methyl-
transferase 1 (METTL1)-mediated m7G transfer RNA (tRNA)
modification can boost oncogene translation and promote the
progression of intrahepatic cholangiocarcinoma (16). Based
on the association between tumors and m7G, a previous study
identified six genes associated with poor patient prognosis, thus
showing potential for evaluating gastric cancer prognosis (17).
However, to the best of our knowledge, there are no studies
that have investigated the expression pattern, molecular func-
tion, or prognostic value of m7G-related regulatory genes in
BLCA; thus, the present study aimed to mine the differentially
expressed genes between BLCA samples and normal healthy
tissues and to construct a prognostic model to explore the
potential function of m7G in this disease. Furthermore, with the
increasing use of immunotherapy and personalized medicine,
immune infiltration has become a prognostic factor for multiple
cancer types, and thus, the present study further predicted the
immune landscape, immune biomarkers, and drug sensitivity
of the risk-stratified population, aiming to provide new clinical
treatment options (Fig. 1).

Materials and methods

RNA-sequencing transcriptomic data collection.
RNA-sequencing transcriptomic data and corresponding
clinical information were obtained from The Cancer Genome
Atlas (TCGA; https://portal.gdc.cancer.gov/). These data
included 414 BLCA tissues and 19 normal adjacent tissues.
Clinical information, including age, sex, and TNM stage was
collected. In total, 29 m7G-related regulatory genes were iden-
tified by screening the Gene Set Enrichment Analysis database
(GSEA,; https://www.gsea-msigdb.org/gsea/index.jsp) and by
performing literature searches (18-23). In the BLCA cohort
from TCGA, the expression data of these 29 m7G-related
genes were extracted for subsequent analysis. The GSE48075
dataset from the Gene Expression Omnibus (GEO) database
(http://www.ncbi.nlm.nih.gov/geo) was used as the valida-
tion set, and this dataset contained 142 BLCA samples with
corresponding survival information and gene expression data.

Identification of m7G regulatory genes in BLCA. Differentially
expressed genes (DEGs) involved in m7G methylation were

screened between BLCA and normal adjacent tissues using
the Wilcoxon test in R (version 4.1.2) (24). Significant results
were those with a false discovery rate (FDR) <0.05 and
an absolute log,-fold change >1. Violin plots were drawn
using the R package ‘vioplot’ (version 0.3.7, https://github.
com/TomKellyGenetics/vioplot) to show the differential
expression of DEGs in BLCA and normal adjacent tissue
samples. Spearman correlation analysis was performed to
determine associations among DEGs. A protein-protein
interaction (PPI) network was obtained through the STRING
database (https://string-db.org/) (25) to query the interaction
of DEG-related proteins. The Gene Expression Profiling
Interactive Analysis (GEPIA) 2 database (http://gepia2.
cancer-pku.cn) (26) was also used to validate DEGs in BLCA.

Identification of two clusters with different clinical outcomes
based on m7G gene consensus clustering and functional
enrichment analysis. Based on DEGs, the BLCA cohort
was divided into two distinct subgroups using the R package
‘ConsensusClusterPlus’ (version 1.36.0, https://rdocumentation.
org/packages/ConsensusClusterPlus/versions/1.36.0). Survival
curves were drawn to compare the overall survival (OS)
between two groups based on Kaplan-Meier analysis.
Differences in clinical data (survival status, stage, pathological
grade, sex, and age) between the two groups were detected
using a x* test. Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) analyses were performed to
functionally annotate DEGs in the two subgroups.

Evaluation of the prognostic value of m7G-related regulatory
genes in patients with BLCA. Univariate Cox regression anal-
ysis was used to estimate the correlation between m7G-related
genes and OS. Based on the R package ‘glmnet’ (version 4.1.3,
https://rdocumentation.org/packages/glmnet), the least abso-
lute shrinkage and selection operator (LASSO) Cox regression
model was then utilized to narrow down the candidate genes
and to develop the prognostic model. Ultimately, the four genes
and their coefficients were retained, and the penalty parameter
(A) was decided by the minimum criteria. The gene expression
acquired from the LASSO Cox regression and its coefficients
were multiplied to generate the risk score to divide patients
with BLCA into low- and high-risk groups, and the OS time
was compared between the two subgroups via Kaplan-Meier
analysis. The ‘survival’ (version 3.3.0, https://rdocumenta-
tion.org/packages/survival), ‘survminer’ (version 0.4.9,
https://CRAN.R-project.org/package=survminer), and
‘timeROC’ (version 0.4, https://rdocumentation.org/pack-
ages/timeROC/versions/0.4) R packages were used to perform
receiver operating characteristic (ROC) curve analysis.
Differences in clinically relevant variables between different
risk groups were evaluated using a %* test and visualized
with heatmaps. Moreover, univariate and multivariate Cox
regression analyses were performed by using the R pack-
ages ‘survivalROC’ (version 1.0.3, https://rdocumentation.
org/packages/survivalROC) and ‘survival’ to assess whether
the risk score was an independent predictor.

Validation of the m7G-related gene prognostic model. To
validate the prognostic value of these four m7G-regulated
genes, the GSE48075 cohort was used as a validation set. The
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Figure 1. Flowchart of the study. TCGA, The Cancer Genome Atlas; RT-qPCR, reverse transcription-quantitative PCR; GO, Gene Ontology; ROC, receiver
operating characteristic; m7G, N7-methylguanosine; BLCA, bladder urothelial carcinoma.

same risk score calculation formula and the same cutoff value
that could distinguish between high and low-risk groups were
used to classify patients in three cohorts, and Kaplan-Meier
survival and ROC curve analyses were performed to evaluate
the predictive performance.

Construction of prediction nomogram and decision curve.
Based onthe R package ‘rms’ (version 6.2.0, https://rdocumenta-
tion.org/packages/rms), clinically relevant factors (histological
grade, sex, stage, and age) and risk scores were used to construct
prognostic nomograms to predict OS in patients with BLCA.
Moreover, the R package ‘ggDCA’ (version 1.1, https:/rdocu-
mentation.org/packages/ggDCA/versions/1.1) was used to
finish the decision curve analysis, which could assess whether
the present prognostic model could benefit clinical patients.

Tumor immune infiltration analysis. To evaluate the immune
function of the aforementioned four m7G-regulated genes,
the ImmuCellAI database (http://bioinfo.life.hust.edu.cn) was
first utilized to analyze the infiltration of immune cells in
BLCA and adjacent tissues. Next, Tumor IMmune Estimation
Resource (TIMER; https://cistrome.shinyapps.io/timer) was
used to assess the expression of four m7G-related genes with
prognostic significance in association with the infiltration of
six different immune cell types (B cells, CD4* T cells, CD8* T
cells, neutrophils, macrophages, and dendritic cells). TIMER
is a database that uses high-throughput sequencing data to
analyze the infiltration of immune cells in tumor tissues,
and mainly provides the infiltration of the above six immune
cell types (27). In addition, the TIMER, CIBERSORT,
QUANTISEQ, MCPcounter, XCELL, and EPIC algorithms
were used to assess immune component profiles, and the R
package ‘limma’ was used for visualization. Furthermore,
single sample (ss)\GSEA was used to quantify the infiltration
and immune function of immune cell subsets with the GSVA

R software package (version 1.20.0, https://rdocumentation.
org/packages/GSVA/versions/1.20.0). Finally, according to
the four-gene expression, boxplots were used to reveal the
differential expression of 24 immune checkpoints in the two
subgroups of risk stratification, including T cell immune
receptor with Ig and ITIM domains (TIGIT), programmed
cell death 1 (PD-1), programmed cell death ligand 1 (PD-L1),
tumor necrosis factor receptor superfamily, and cytotoxic
T lymphocyte-associated protein 4 (CTLA4).

Potential drug prediction. To explore potential compounds
associated with four-gene therapy, the four-gene list was
input into a connectivity map (Cmap; https://clue.io/), which
included gene expression signatures derived from 9 cancer
cell lines treated with 2,429 well-annotated compounds. Data
from the Cmap were compared with the four-gene signatures
to assign connectivity scores. The scores were inversely corre-
lated with the compound's therapeutic effect. Next, IC, values
were predicted for standard chemotherapeutics in the low- and
high-risk groups with the R package ‘pRRophetic’ (28).

Validation of the expression of four prognosis-relevant
proteins. Immunohistochemistry data from the Human
Protein Atlas (HPA; https://www.proteinatlas.org/) was used
to validate the protein expression of the four aforementioned
prognosis-relevant genes between BLCA and normal bladder
tissues from TCGA.

Cell culture and small interfering RNA transfection. Huoman
bladder epithelial cells SV-HUC-1 (cat. no. CRL-9520™),
human bladder carcinoma cells 5637 (cat. no. HTB-9™),
and T24 (cat. no. HTB-4™) were obtained from ATCC.
SV-HUC-1 cells were cultured in Ham's F-12K medium
(cat. no. PM150910; Procell Life Science & Technology
Co., Ltd.), while 5637 and T24 cells were cultured in RPMI
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Figure 2. Expression of m7G-modified regulators in BLCA. (A) Heatmap visualization of the expression levels of m7G RNA modification regulators in each
sample. Green indicates low expression, whereas red indicates high expression. (B) Spearman's correlation analysis of the 29 m7G RNA modification regula-
tors in BLCA. "P<0.05, “P<0.01, “"P<0.001. (C) Violin plot displaying m7G RNA modification regulators in BLCA. Blue represents normal samples and red
represents BLCA samples. The white dot represents the median value of expression. m7G, N7-methylguanosine; BLCA, bladder urothelial carcinoma; N,

normal samples; T, tumor samples.

1640 medium (cat. no. C11875500BT; Gibco; Thermo
Fisher Scientific, Inc.). All media were supplemented with
10% heat-inactivated FBS (cat. no. B-9™) and T2 and 1%
penicillin-streptomycin (cat. no. 15070063; Gibco; Thermo
Fisher Scientific, Inc.). The cells were kept in a 37°C incu-
bator with 5% CO,. Small interfering (si) gem nuclear
organelle-associated protein 5 (GEMINS) was designed and
synthesized by Guangzhou RiboBio Co., Ltd. and transfected
with Lipofectamine® 3000 (Thermo Fisher Scientific, Inc.). At
48 h post-transfection, the cells were collected for functional
experiments. The interference efficiency was detected by
reverse transcription-quantitative PCR (RT-qPCR).

RT-qPCR. Total RNA was extracted from the three cell
types using TRIzol® reagent (cat. no. 15596-026; Ambion;
Thermo Fisher Scientific, Inc.). cDNA was synthesized
using a cDNA reverse transcription kit (cat. no. EP0751;
Thermo Fisher Scientific, Inc.). cDNA was used as a template,
and the p-actin gene was used as the internal reference for
normalizing the RT-qPCR data. A two-step standard PCR
amplification procedure was conducted according to the
manufacturer's instructions (cat. no. 10222ES60; Shanghai
Yeasen Biotechnology Co., Ltd.). The relative expression of
the target gene was calculated using the 2224 method (29).
The primers used are shown in Table SI.

Cell viability and colony formation assays. The viability
of T24 and 5637 cells was detected using a Cell Counting
Kit-8 (CCK-8) assay kit (cat. no. BS350B; Beijing Labgic
Technology Co., Ltd.) according to the manufacturer's instruc-
tions. The optical density was measured with a microplate
reader (Thermo Fisher Scientific, Inc.) at a wavelength of

450 nm. The cell viability values of each group were detected
after 24, 48, and 72 h. For the colony formation assays, cells in
the logarithmic growth stage were collected, and 1,000 cells
were plated in six-well plates. The cells were cultured for
10 days, fixed with methanol at room temperature for 20 min,
and stained with 0.1% crystal violet at room temperature for
15 min. The colonies were imaged and counted using light
microscopy. The number of colonies consisting of =50 cells
was counted.

Statistical analysis. All data were statistically analyzed using
R.FDR was used in GO and KEGG analyses. Gene expression
and immune infiltration levels were calculated using a
paired Student's t-test or Wilcoxon test. Differences in OS
between groups were compared using Kaplan-Meier analysis.
Independent predictors were evaluated using Cox regression
analysis. A two-tailed P<0.05 was considered to indicate a
statistically significant difference.

Results

Identification of differentially expressed m7G-related genes in
BLCA. Differential expression analysis of 29 m7G-regulated
genes was performed in BLCA (n=414) and adjacent normal
tissues (n=19). The heatmap showed that 17 of these m7G
modification regulators were differentially expressed between
BLCA and normal tissues (Fig. 2A). The expression levels of
METTLI1,WDR4,NSUN2,DCP2,nudix hydrolase (NUDT)10,
NUDT11, NUDT16, NUDT3, AGO2, cytoplasmic FMR1
interacting protein 1 (CYFIP1), EIF4E2, EIF4E3, GEMINS,
LARPI, NCBP1, NCBP2, and LSM1 were higher in BLCA
tissues than in normal tissues (Fig. 2B). Fig. 2C showed that
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the correlation between GEMINS and LARP1 was the most
significant (correlation coefficient, 0.71). The GEPIA2 data-
base results showed that the expression of EIF4E3, NUDT10,
NUDTI11 and METTLI1 significantly differed between the
two groups (Fig. S1). RT-qPCR was performed to confirm
the expression of prognostic m7G-related genes in bladder
cancer cells. A total of 17 gene symbols were imported into
the STRING database to generate the PPI network. The genes
with the highest clustering coefficient were LARP1, GEMINS,
NUDT11, NUDT10, and WDR4 (Fig. S2).

Identification of two clusters of patients with BLCA with
distinct clinical outcomes using consensus clustering based
on m7G RNA-modification regulators. To further explore
the clinical relevance of m7G RNA-modifying modulators,
patients with BLCA were clustered into subgroups according
to the differential gene expression. Based on the similarity
of m7G-related genes, k=2 produced the best clustering, and
patients with BLCA could be divided into two distinct and

non-overlapping groups (Fig. 3A-C). Principal component
analysis was used to validate the results of clustering (Fig. 3D).
Subsequently, whether there were significant differences in
OS, stage, age, grade, or sex between these two clusters was
evaluated. The results showed that the prognosis in cluster 2
was significantly better (P<0.01) than that of cluster 1 (Fig. 4B),
but no significant differences were observed in age, sex, histo-
logical grade, or pathological stage between the two clusters
(Fig. 4A). Next, the m7G genes associated with prognosis were
screened out for in-depth analysis based on a heat map. The
results of consensus clustering showed a strong association
between the expression patterns of m7G-related genes and
clinical parameters.

Functional enrichment analysis of m7G RNA-modification
regulators. GO and KEGG enrichment analyses were
performed on the DEGs between clusters 1 and 2 to inves-
tigate the results of clustering from the perspective of
associated pathways and biological processes. According to
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the results of the GO enrichment analysis, the upregulated
genes were primarily enriched in ‘Extracellular matrix orga-
nization’, ‘Extracellular structure organization’, ‘External
encapsulating structure organization’, ‘Phagocytosis, recogni-
tion’, ‘Complement activation, Classical pathway’, ‘Humoral
immune response mediated by circulating immunoglobulin’,
‘Phagocytosis, engulfment’, ‘Complement activation’, and
‘B cell receptor signaling pathway’ (Fig. SA and B). KEGG
enrichment analysis results showed that these upregulated
genes were significantly enriched in ‘Proteoglycans in cancer’,
‘Wnt signaling pathway’, ‘ECM-receptor interaction’, and
‘PI3K-Akt signaling pathway’ (Fig. 5C and D).

Construction of a prognostic model based on four m7G-regu-
lated genes. Based on the association between m7G RNA
methylation regulators and the OS of patients with BLCA,
Univariate Cox regression analysis was performed on the
expression levels of the 29 important regulators to explore
the clinical relevance. The results showed that 9 of the 29
genes were notably associated with OS (P<0.05). As shown
in Fig. 6A, NUDT10, NUDT11, AGO2, CYFIP1, GEMINS,
LARPI1, and NCBP1 were considered risk genes with a hazard
ratio (HR) >1, whereas NUDT4 and eukaryotic transla-
tion initiation factor 3 subunit D (EIF3D) were considered
protective genes with HR<I.

LASSO Cox regression analysis identified 9 genes with
the strongest predictive ability (Fig. 6B and C). Based on the
corresponding coefficients in the LASSO algorithm, four
optimal genes (NUDT11, CYFIP1, GEMINS, and EIF3D)
were selected to establish the BLCA risk model (Fig. 6D).
The risk score was calculated as follows: Risk score=(0.289x
expression value of NUDT11) + (0.503x expression value of
CYFIP1) + (0.979x expression value of GEMINS)-(0.807x
expression value of EIF3D).

To explore the prognostic role of these four-gene signa-
ture models, patients with BLCA were divided into low- and
high-risk groups according to the median risk score. The risk
score distribution of patients with BLCA was plotted (Fig. 7A),
and the survival status of patients with BLCA was evaluated
using a dot matrix (Fig. 7B). Survival analysis showed that
patients with high-risk scores had a poorer OS than those with
low-risk scores (Fig. 8A; P<0.001). The 5-year OS rate was
67.3% in the low-risk group and 24.5% in the high-risk group.
The ROC curve analysis results showed that the area under
the curve (AUC) at 1-, 3- and 5-year OS was 0.755, 0.745, and
0.758, respectively, thus showing good predictive power for
survival outcome (Fig. 8B). A heatmap with clinical relevance
showed the differential expression of the four prognostic genes
in the high- and low-risk groups (Fig. 9A). Of note, significant
differences in clinical parameters such as fustat (P<0.001),
stage (P<0.01) and grade (P<0.05) were observed.

GEO database validates the predictive performance of the
risk model. To estimate the predictive capability of four-gene
signatures in GEO datasets, the GSE48075 dataset was used for
validation. A total of 57 patients with BLCA in the GSE48075
cohort were divided into low- (n=29) and high-risk (n=28)
groups according to the cutoff value of TCGA cohort. The
results of survival analysis showed that patients with BLCA in
the low-risk group had a significantly better OS compared with
that of patients in the high-risk group (P=0.014; Fig. 8C), which
was consistent with the results on the training set. The AUCs for
3-year OS was 0.685, suggesting that the risk model had a good
predictive ability in BLCA (Fig. 8D). Since this cohort did not
survive >5 years, no 5-year ROC curves were drawn.

Four-gene risk signature independently predicts prognosis
in patients with BLCA. Upon removing samples without
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(A and B) GO terms and (C and D) KEGG pathway. GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.

complete clinical information, 170 samples were qualified for
Cox regression analysis. Cox univariate analysis indicated that
stage and the four-gene risk score were significantly associated
with OS in patients with BLCA (P<0.001; Fig. 9B). Multivariate
Cox regression analysis was performed to assess whether risk
score was independent of other clinicopathological features
as a predictor for BLCA, and the results showed that the
risk score of patients with BLCA was independently associ-
ated with OS (P<0.001; Fig. 9C). In conclusion, these results

indicated that the four-gene risk signature could be used to
predict the prognosis of patients with BLCA independently
of other clinicopathological features such as sex, histological
grade, age, or pathological stage.

Construction of a nomogram. To facilitate the clinical
application of four-gene risk signature, a detailed prognostic
nomogram based on histological grade, sex, pathological stage,
age, and risk score was established (Fig. 10A). The nomogram
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could precisely predict 1-, 3-, and 5-year OS in patients with
BLCA. The AUC for risk score was 0.76, which indicated
that this model had good predictive value for patients with
BLCA (Fig. 10B). Nomogram-based clinical decisions had a
higher net benefit compared with that of individual predictors
(Fig. 10C).

Correlation of prognosis-related m7G genes with immune
infiltration. GO and KEGG enrichment analyses indicated that
m7G-related gene functions primarily involve the activation of
cancer-related signaling pathways, affecting complement and
B cell activity. Further immune infiltration analysis revealed
significant differences in normal adjacent and BLCA tissues.
Differential expression of immune cells (Fig. 11A-Q) indicated
that tumor immune infiltration is important in patients with
BLCA. According tothe TIMER,CIBERSORT, QUANTISEQ,
and MCPCOUNTER algorithms, the expression levels of
CD8* T cells, CD4* T cells, neutrophils, macrophages, and

monocytes in the high-risk group were higher than those in the
low-risk group (Fig. 11R), suggesting that immune infiltration
may influence patient outcomes. Quantifying enrichment frac-
tions implied that the prognosis in the high-risk groups may
be affected by antigen-presenting cells' function, chemokine
receptor, immune checkpoint expression, and parainflamma-
tion (Fig. 11S).

The TIMER database was used to investigate the link
between the expression levels of four genes and immune
infiltration. After adjusting for purity, the expression of
GEMINS (Fig. 12A) was positively correlated with CD8*
T cells (P=1.27x10"), dendritic cells (P=7.63x10"%), and
neutrophils (P=3.48x10°%). NUDTI11 expression levels were
correlated with the number of CD8* T cells (P=8.47x10%),
CD4* T cells (P=3.03x107?), dendritic cells (P=1.36x10"),
macrophages (P=1.78x107) and neutrophils (P=6.92x107)
(Fig. 12B). EIF3D expression levels were negatively correlated
with macrophage levels (P=1.78x10"%) (Fig. 12C). CYFIP1
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Figure 9. Impact of risk scores and clinicopathological features on prognosis in patients with bladder urothelial carcinoma. (A) Heatmap showing the distribution
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expression levels were significantly correlated with the
number of B cells (P=3.57x107?), CD8* T cells (P=1.23x10"),
dendritic cells (P=1.94x10%), macrophages (P=4.7x10"") and
neutrophils (P=7.4x10"%) (Fig. 12D). As shown in Fig. S3,
copy number loss of NUDT11 resulted in reduced B cell and
neutrophil infiltration, while loss of GEMINS and CYFIP1
copy number reduced the infiltration of CD4* T cells. Loss of
EIF3D copy number resulted in increased levels of dendritic
cells. Kaplan-Meier curve results indicated that enrichment of
the four genes in CD8+ T cells was associated with a poorer
prognosis in patients with BLCA.

Exploring a potential treatment for patients with BLCA based
on four genes. A clear association was found between high-risk
patients stratified based on four genes and the expression of
various immune checkpoints, such as CTLA4, PD-1, PD-L1,

and PD-L2 (Fig. 13A). Immune checkpoint inhibitors may be
effective in these patients. Sensitivity analysis of chemothera-
peutic drugs showed that A.443654, A.770041, docetaxel, and
pazopanib were effective in low-risk groups, while axitinib,
cisplatin, sorafenib, vinblastine, and vinorelbine may be more
effective in high-risk groups. There was no difference in the
sensitivity to doxorubicin between the two groups (Fig. 13B).
All DEGs were divided into up and downregulated groups
and uploaded to the CMap database to identify candidate
small molecule drugs for treating BLCA. With P<0.01 and
n>2 as the screening criteria, 10 small-molecule drugs with
treatment effects on BLCA were identified: BRD-K50174388,
I-BET-762, beclomethasone-dipropionate, BRD-K64233461,
KU-C104131, BRD-K41668190, erlotinib, BRD-K 53120552,
BRD-K23021002, and heptaminol (Table I). A negative
enrichment score represented an inhibitory effect.
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Immunohistochemistry validation based on the HPA data-
base. As shown in Fig. S4, the protein expression levels of
GEMINS and CYFIP1 were elevated in BLCA compared
with those in normal bladder tissues. NUDT11 expression was
more evident in normal bladder tissues than in cancer tissues.
Of note, EFI3D was not included in the figure as it was not
included in the aforementioned database.

RT-gPCR-mediated verification of the mRNA expression of
four genes in BLCA cell lines. The RT-qPCR results showed
that GEMINS, CYFIP1, and EIF3D exhibited high levels of
expression in T24 and 5637 cells, while NUDT11 exhibited
a high expression level in SV-HUC-1 cells. The results were
statistically significant (Fig. 14).

Knockdown of GEMINS suppresses bladder cancer cell
proliferation. To validate the BLCA proliferation-promoting
ability of m7G-associated genes, GEMINS5 was selected, since
it had the highest HR value in the risk model, to perform
CCK-8 and colony formation assays. si-GEMINS5 was used
to knock down the expression of GEMINS in T24 and 5637
cells, and si-GEMINS5-1 had the best knockdown effect
(Fig. 15A). CCK-8 (Fig. 15B) and colony formation (Fig. 15C)
assays revealed the that knockdown of GEMINS inhibited the
proliferation of T24 and 5637 cells.

Discussion
BLCA is a lethal solid tumor with complex molecular and

cellular heterogeneity (30). Molecular markers associated
with BLCA presently used in the clinic include urinary

nuclear matrix protein 22, bladder tumor antigen, and fibrin
degradation product. However, these tumor markers have low
specificity and poor predictive ability. Thus, there is an urgent
need to identify novel BLCA biomarkers that have i) predictive
and prognostic value, ii) diagnostic value, and iii) can be used
to support the development of personalized treatment plans.
With the development of bioinformatics-based techniques,
numerous studies have confirmed the predictive role of novel
biomarkers in BLCA (31-33).

As a relatively more recently identified mechanism of gene
regulation, RNA m7G modification has attracted large interest
recently. m7G is a general tRNA modification in prokaryotes
and eukaryotes, and is catalyzed by METTL1/WDR4, an
integral complex involved in epigenetic regulation (34). m7G
at position 46 of tRNA is present in the variable loop, and it is
likely that METTLI reduces tRNA stability by affecting this
structure (35). In addition to tRNAs, m7G regulates the trans-
lation of mRNA. Different methyltransferases incorporate
m7G onto different mRNAs and/or into secondary structure
motifs, thus exerting effects on mRNAs, including transla-
tion (36). A general mechanism has been found to be involved
in m7G-mediated cancer, in which impaired m7G selectively
suppresses the translation efficiency of oncogenic mRNAs
with a higher frequency of m7G tRNA cognate codons by
prolonging ribosome pausing periods (37). As evidence of the
regulatory role of m7G in mRNA and microRNA regulation is
continuously being uncovered, it is necessary to investigate the
role of RNAs other than tRNA.

Although the study of m7G modification in the field of
cancer is still in its infancy, combined with bioinformatics
analysis, it may still provide clues for subsequent basic and
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clinical research. The present study demonstrated that the  in BLCA than in non-BLCA tissues, and identified four genes
majority of m7G-related genes were expressed at higher levels  associated with BLCA prognosis (namely GEMINS, NUDT11,
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Figure 13. Potential treatment for patients with BLCA based on four genes. (A) Different expression of immune checkpoints in high and low-risk patients.
(B) Potential drugs for patients with BLCA. "P<0.05, “P<0.01, “*P<0.001. BLCA, bladder urothelial carcinoma.
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Table I. The top 10 small molecule drugs in the connectivity map dataset.

Compounds Enrichment P-value n Percent non-null (%) Type
BRD-K50174388 -0.6759 0.0081* 3 100 NA
I-BET-762 -0.6758 0.0025* 3 100 Bromodomain inhibitor
Beclomethasone-dipropionate -0.6758 0.0025* 3 100 Immunosuppressant
BRD-K64233461 -0.6757 <0.001° 3 100 NA
KU-C104131 -0.6757 <0.001° 3 100 NA
BRD-K41668190 -0.6757 <0.001° 3 100 NA
Erlotinib -0.6756 <0.001° 3 100 EGFR inhibitor
BRD-K53120552 -0.6755 <0.001° 3 100 NA
BRD-K23021002 -0.6755 <0.001° 3 100 NA
Heptaminol -0.6754 <0.001° 3 100 Vasoconstrictor
"P<0.01, *P<0.001.NA, not available.
A B Next, the training set (TCGA cohort) was used to construct
.5 15 the predictive model, and the validation set (GEO cohort)
z2 77 = was used to test the reliability of the model. The risk score
Z S calculated based on the four-gene model could forecast BLCA
@ 1.0- el = 104 patient prognosis independently. Predictive nomograms that
; L?, ' considered both clinicopathological features and risk scores
% % were also built. Consequently, the risk signature reported on
5 0.5- g 0.5 the present study could help clinicians make precise personal-
% @ ized survival predictions. Moreover, the current study found
s g ven e that m7G-related genes were closely associated with the
w 0.0+ uw 0.0 immune microenvironment of BLCA, and immune infiltra-
9 % E S % E tion in patients with BLCA could also be predicted based in
I © % 0 the present risk model. Together, this prognostic model was
@ strongly associated with clinicopathological factors, immune
gly P g
C D cells and immune-related functions.
_ 31 o As an essential regulator of m7G, GEMINS expression
% wen % was found to be significantly upregulated in BLCA and asso-
5 b w ciated with a poor patient prognosis. GEMINS can regulate
5 24 ° translation, and has been reported to specifically bind the
‘7.}'3 g m7G cap (38). Other studies have shown that its expression
g % is increased in gastric cancer tissue, acute myeloid leukemia,
2 14 @ and liver cancer (17,39,40). Furthermore, GEMINS5 can
3 2 exert oncogenic effects by regulating mRNA splicing and
3 i tumor cell motility, and by reprogramming cellular transla-
0= ! o 5 3 tion (41,42). CYFIPI is a newly identified tumor suppressor.
2 % & 2 8 F CYFIP1/2, WASF1/2/3, NCKAPI1/1 L, Abil/2/3, and BRKI1
P 7 form a heteropentameric complex called the WASF regulatory

Figure 14. Results of reverse transcription-quantitative PCR analysis.
Expression of (A) Gem nuclear organelle-associated protein 5; (B) Nudix
hydrolase 11; (C) Cytoplasmic FMR1 interacting protein 1; and (D) Eukaryotic
translation initiation factor 3 subunit D. “P<0.01, ““P<0.001 vs. control.

CYFIP1, and EIF3D), which were shown to be differentially
expressed in bladder cancer cell lines based on RT-qPCR
validation. Through KEGG and GO enrichment analyses,
the potential biological functions of m7G-related genes in
BLCA were explored. Cell experiments also demonstrated
that the viability and proliferation of T24 and 5637 cells
were significantly inhibited by knocking down GEMINS.

complex (43). Abnormal distribution of CYFIP1 has been
observed with cancer metastasis and invasion, and a previous
study managed to inhibit breast cancer metastasis by blocking
CYFIP1 and Racl protein interactions, actin polymerization,
and Pl-integrin/FAK/Src signaling (44). Moreover, a stapled
peptide targeting NCKAP1 and CYFIP1 was designed to
destabilize the WASF3 complex to inhibit invasion (45).
NUDT11 is a phosphoinositide phosphohydrolase, and the turn-
over of bisphosphonates can affect cancer cell apoptosis (46).
The present results suggested that NUDT11 was expressed at a
lower level in BLCA than in normal tissue cells, but high levels
of its expression implied a worse prognosis. A previous study
showed that, when NUDT11 was suppressed, the proliferation
and viability of prostate cancer cells were affected, and colony
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Figure 15. Effect of knockdown GEMINS on the proliferation of T24 and 5637 cells. (A) Expression of GEMINS after knockdown. (B) Colony formation assay
to detect the influence of GEMINS on the proliferation of T24 and 5637 cells. (C) Cell Counting Kit-8 assay was used to detect the influence of GEMINS on
the proliferation of T24 and 5637 cells. Data are shown as the mean = SD. "P<0.05, “P<0.01, ““P<0.001 vs. negative control small interfering RNA. GEMINS5,

gem nuclear organelle-associated protein 5.

formation was significantly reduced (47). EIF3 is the largest
and most complex ribosomal EIF complex (48); it binds to the
40S ribosome and maintains the dissociation of the 40S and
60S ribosomal subunits. The function of EIF3 in promoting
or inhibiting tumor progression is controversial. For example,
EIF3D has been reported to promote colon cancer (49), mela-
noma (50), and breast cancer (51), but it is expressed at lower
levels in liver cancer than in normal tissues. and is associated
with a better prognosis (52). An examination of EIF3E mRNA
levels in non-small cell lung carcinoma and breast cancer
showed low levels in ~1/3 of the samples (53). However, the
EIF3E levels in human glioblastoma cells were high, and
siRNA-mediated knockdown inhibited cell proliferation (54).
The present results suggested that EIF3D was a suppressor of
BLCA, and that increased expression was associated with a
better prognosis for patients. However, various claims about
the association between the EIF3 subunit and cancer lack
strength and appear to be based on experiments devoid of strict
controls (55,56). Changes in EIF3 in other parts of the cell
or in functions such as the activation of transcription factors
or protein kinases can influence the status of cancer (57). In
conclusion, the role of EIF3 is complex, and the same EIF3
subunit could have opposite roles in different cancer types.
The biological processes associated with the effect of EIF3D
on BLCA need to be further investigated.

Cancer immunity plays a key role in cancer progression, and
increasing evidence suggests that the tumor immune microen-
vironment is vital for the initiation and progression of bladder
cancer (10,58). Notably, the current results showed that, although
immune cells such as CD8" T cells markedly infiltrated BLCA,
they did not appear to be effective in killing cancer cells in the

high-risk group; instead, high levels of CD8* T cell infiltration
led to a worse prognosis. Immune functional analysis revealed
that the high-risk group had higher levels of cancer-associated
fibroblasts, which could produce fibrous cocoons to protect
cancer cells. Excessive parainflammation can transform
MI-type macrophages into M2-type macrophages, thus inhib-
iting immune functions and promoting tumor progression (59).
Chemokines released by tumor cells can recruit T cells to reach
the tumor tissue and be activated by tumor antigens. However,
only 10% of T cells recruited to the tumor microenvironment
can recognize tumor cells; the rest act as ‘bystanders’ and have
no cytotoxic effect on tumor cells, such as exhausted T cells that
express high levels of the immune checkpoint molecules PD-1,
CTLAA4, and TIGIT (60). A recent study defined tumor-derived
lactate as an inhibitor of CD8" T cell cytotoxicity (61). Therefore,
in high-risk patients defined based on the aforementioned risk
model, the tumor could have strong immune evasion abilities.
Importantly, the present study found that immune checkpoint
molecules were significantly expressed in the high-risk group,
and immunotherapy may thus be effective for these patients.
Designing anti-BLCA drugs against these targets could be
one future approach. Moreover, the current study found 10
compounds and 9 drugs to potentially treat BLCA. However,
the present study has certain limitations. As the study was based
on information within public databases, real-world prospective
cohort studies are required to validate the risk score formula.
In addition, the differential expression and cancer-promoting
ability of related genes were only verified through cellular
experiments, and the biological mechanism underlying the
effects of m7G-related RNAs in BLCA remains unclear.
Detailed in vitro and in vivo experiments need to be performed
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to explore the important functions of the aforementioned four
genes with prognostic properties in BLCA.

In conclusion, the present study screened four genes related
to patient prognosis based on the correlation between BLCA
and m7G modification regulators, and a risk scoring model
with good predictive accuracy was established. Moreover,
the relationship between risk score and tumor immunity was
evaluated, which provided new ideas and methods for the
treatment of BLCA.
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